An efficient routing using a virtual backbone (VB) network is one of the most significant improvements in the wireless sensor network (WSN). One promising method for selecting this subset of network nodes is by finding the minimum connected dominating set (MCDS), where the searching space for finding a route is restricted to nodes in this MCDS. Thus, finding MCDS in a WSN provides a flexible low-cost solution for the problem of event monitoring, particularly in places with limited or dangerous access to humans as is the case for most WSN deployments. In this paper, we proposed an adaptive scatter search (ASS-MCDS) algorithm that finds the near-optimal solution to this problem. The proposed method invokes a composite fitness function that aims to maximize the solution coverness and connectivity and minimize its cardinality. Moreover, the ASS-MCDS methods modified the scatter search framework through new local search and solution update procedures that maintain the search objectives. We tested the performance of our proposed algorithm using different benchmark-test-graph sets available in the literature. Experiments results show that our proposed algorithm gave good results in terms of solution quality.
Introduction
One of the most important variations of the dominating set (DS) problem is its connected version, which is a subset of connected nodes (vertices), where each node in the graph is in the connected dominating set, or adjacent to some nodes in the connected dominating set. Recently, the minimum connected dominating set (MCDS) problem has obtained wide popularity due to its applications in wireless sensor networks (WSN) and mobile ad hoc networks. Generally, in real-life problems that can be represented as a MCDS problem, it is not necessary to acquire the optimal solution, as near-optimal solutions are adequate in most applications [1] . Unlike traditional computer networks, there is no pre-defined fixed infrastructure as a hierarchical structure for WSNs. Consequently, it is difficult to achieve routing scalability and efficiency [2] . Using a connected dominating set (CDS) to form a virtual backbone (VB) in WSNs is a promising technique to enhance the performance and improve the efficiency of routing protocols. All network nodes are dominated by the set of nodes in CDS, and packets can be forwarded from the source to the destination node through the CDS. Thus, using CDS as VB reduces the average message load of a WSN and improves routing performance. In addition to that, the routing algorithm adapts quickly to any changes in network topology [3] . The improvement of routing performance in wireless networks results in energy saving and interference reduction as well as flooding restriction in the network. Such improvements require minimizing the size of CDS as possible. Finding a minimum CDS (MCDS) is usually an NP-hard problem and, in general, cannot be solved exactly in polynomial time [4] .
Recently, meta-heuristics have become among the most successful computational methods to find good solutions for real-life optimization problems in many fields such as science, engineering, economics, and business, by exploring the solution search space of these large problems. Those algorithms reduce the effective size of the space and explore that space efficiently [5] . In fact, meta-heuristics are classified into three different categories. The first includes point-to-point techniques such as simulated annealing and tabu search, the second includes population-based techniques such as genetic algorithms and scatter search, and the third includes hybrid techniques that combine techniques from the first two categories such as memetic algorithms [6] .
Scatter search (SS) is one of the most popular meta-heuristic algorithms based on the population-based technique that has effectively been applied to many hard optimization problems. The foundation, basic concepts, and principles of that technique were initially proposed in the 1970s [5] . The foundations of scatter search derive from previous strategies for combining decision rules and constraints. Usually, combining elements yields solutions better than one based only on original elements. Unlike genetic algorithms, scatter search is based on the hypothesis that systematic designs and methods create new solutions more than those derived from randomization. Furthermore, scatter search uses strategies for search diversification and intensification that have effectively been applied in varied optimization problems. Actually, the SS method is very effective and flexible as it is not restricted to a single uniform design and all SS elements can be implemented in many ways and varied degrees of sophistication [7] .
In this paper, we propose an adaptive scatter search algorithm for finding the minimum connected dominating set, which is abbreviated to ASS-MCDS. It uses an on/off variable representation of solutions in searching for the MCDS and uses a composite fitness function to measure the quality of the solution. To measure the quality of each solution, the fitness function takes into account the size of the domination set as well as the connectivity between the nodes in the graph. Local search is the intensification search method that is used by ASS-MCDS to improve trail solutions. By applying the proposed method in a wireless network, we can derive the skeleton of a virtual backbone network to improve routing efficiency. This skeleton can be used to easily manage and control the network topology when a node is added to or removed from the network. We compare the results of the proposed method with some other standard methods in the literature. Several instances of the MCDS problem are used to test the performance and effectiveness of the proposed method.
The rest of this paper is organized as follows. In Section 2, an overview of the MCDS problem is briefly presented. Section 3 describes the related works on the MCDS problem. Section 4 presents the solution representation, design of a new evaluation function for the MCDS problem, and presents the main components of the ASS-MCDS in addition to its formal algorithm. The implementation of the proposed method, its initial and control parameters setting, as well as its comparisons against some benchmark methods are illustrated in Section 5. Finally, the conclusion makes up Section 6.
Minimum Connected Dominating Set Problem
Given a simple undirected graph G = (V, E), where V(G) is the set of vertices (or nodes), these nodes connect by the set of edges E(G). A path P from vertex u to vertex v is an alternating consecutive sequence of vertices and edges that connects vertices u, v ∈ V(G) such that no vertex is repeated in the path from u to v, where the number of edges in that path represent the length of the path P. In graph G every vertex v is said to dominate itself and any vertex adjacent to it. A dominating set is a set of vertices that collectively dominates all other vertices in the graph G [8] . The dominating set D in a connected graph must satisfy two conditions:
• A path from any vertex in D to another vertex in D stays entirely within D. Thus, D represents a connected subgraph of G; • Every vertex in G is either in D or adjacent to a vertex in D.
The MCDS problem seeks to find a connected dominating set of minimum cardinality, which is also called the domination number of G and written as γ(G).
The MCDS problem is one of the classical MDS problem variations, which is classified as a NP-hard problem. Thus, it is a hard combinatorial problem and cannot exactly be solved in polynomial time. Therefore, acquiring an effective solution for the minimum connected dominating set problem is one of the significant research areas in graph theory [1] . Recently, several researches are moving towards the MCDS problem because of its various applications in wireless networks, facility locations, and operational research in computer science [9] [10] [11] [12] .
The concept of the MCDS problem is significant and useful in wireless networks, particularly for networks with very large scales like a WSN. In such networks, the minimum CDS works as a virtual backbone in the network and dominates all the nodes in the network. Consequently, it is easy to forward the packets from the source node to the destination node through the VB nodes [2] .
Related Works
The CDS and its variant MCDS are among the fundamental covering problems in graph theory related to various wireless network problems such as network monitoring, network control, and resource allocation. As this problem has been shown to be NP-hard in [13] , there exists no known polynomial-time algorithm for exactly identifying the connected domination number of any arbitrary graph. Consequently, the design of an effective approximation algorithms has become an important issue for the study of CDSs. Guha and Khuller [14] proposed two polynomial-time algorithms to solve the MCDS problem for a general graph with these algorithms being greedy and centralized. Ruan et al. [15] presented a new approximation algorithm, which is a one-step greedy algorithm, with a performance ratio ln δ + 2, where δ is the maximum degree in the input graph. Wu et al. [16] introduced a distributed CDS construction algorithm that relies on the relation between the maximumal independent set (MIS) and the connected dominating set.
For many years, researchers focused on developing heuristics to solve the MCDS problem in artificial intelligence and graph theory. These heuristic methods can be classified into two categories. The first category aims to find the maximal independent set of disconnected nodes that can be connected by a steiner tree or minimum spanning tree [17] . The second category aims to evolve a CDS by growing a small trivial CDS [18, 19] . A maximal independent set is a dominating set, where the nodes in the MIS are non-adjacent and no node can be added to this set to maintain the independence of the nodes. Constructing a CDS depends on connecting the nodes in the MIS through some nodes not in the MIS [16, 20] .
In recent years, developing meta-heuristics to construct MCDS has attracted many researchers. A greedy randomized adaptive search procedure for solving the MCDS problem is designed by Li et al. [21] . In [1] , authors proposed ant colony optimization algorithms for the MCDS. For the minimum weighted connected dominating set problem a hybrid population-based iterated greedy algorithm and a genetic algorithm are proposed by [22] . Two meta-heuristics, memetic, and simulated annealing with intensification search methods are presented in [11, 12] to solve the MCDS problem for wireless networks design and management.
Methodology
In this section, the components of the proposed method are described. First, the representation of solutions and the fitness function are explained. Then, the scatter search operators, diversification generation, improvement, reference set update, subset generation, and solution combination are defined. Moreover, the main scatter search modifications and local search are demonstrated. Finally, the formal algorithm of ASS-MCDS method is presented at the end of this section.
Solution Representation and Evaluation
In this section, the solution representation in the ASS-MCDS method is described. Then, to evaluate the solution quality for the MCDS problem a composite fitness function fit is presented.
Solution Representation
The ASS-MCDS method uses an on/off variable representation of solutions. Specifically, a trial solution X will be represented as a bit vector (x 1 , x 2 , . . . , x V n ), where V n is the number of nodes in the graph. The subscript/index values 1, 2, . . . , V n , refer to the corresponding nodes in the graph vertices set V. If a component x i of X has the value 0, then the node represented by the i-th column in V n is not contained in the node subset represented by the solution X. Otherwise, the solution X contains the i-th node.
Solution Evaluation
A fitness function fit(·) is a particular type of an objective function that is used to measure the quality of the solution that increases the chance of finding good solutions and reaches higher coverage for the graph. Thus, there is a direct relationship between the fitness function and the solution quality, so better solutions have a higher fitness function value than worse ones. The fitness function is used to measure the solution effectively.
where V D represents number of vertices dominated by the subset of vertices D in the solution x and V n is the total number of vertices in the graph, C n is the number of vertices in largest connected set in the solution x, and α, β and γ are weights with α + β + γ = 1. The fitness function fit consists of three parts. The first part V D/V n , reflects the size of domination on G by x. If x represents a dominating set, then this part is equal to 1. The second part, C n/ ∑ Vn i , reflects the connectivity between the vertices in x. This part is equal to 1 if x represents a connected set. While the third part, (V n −∑ Vn i x i ) /V n , distinguishes between two solutions that are equal in the first part and the second part according to the percentage of vertices which are not contained in each of them such that better solutions have a higher percentage than worse ones.
Adaptive Scatter Search Algorithm for the MCDS Problem
In this section, an adaptive scatter search method is designed to solve the considered problem and is called ASS-MCDS shortly. The ASS-MCDS algorithm begins with a well-distributed random population of individuals (solutions). Then, the fitness function which is previously defined is repeatedly invoked to evaluate the fitness of the initial solutions and rank them. Five methods represent the well-known SS template: Diversification generation, improvement, reference set update, subset generation, and the solution combination method. Unlike other evolutionary methods such as genetic algorithms, SS depends on using a small population, known as the reference set, whose solutions are combined to create new solutions that are acquired in a systematic way. These new solutions can be effectively improved by applying a local search method before terminating the search process. The following subsections describe the five methods of the SS method then, the algorithm is formally presented.
Scatter Search Method
In this section, the basic design to apply SS depending on its five well-known methods is presented. The fundamental feature of SS is related to the flexibility in implementing these five methods, where these mechanisms do not have a single uniform design. This expands the exploration strategies that may improve the efficiency of the solutions in a particular application. The implementation of SS consists of the following five methods:
• The diversification generation method builds a large set population of diverse solutions;
• The improvement method transforms a trial solution into another with higher quality. If there is no improvement to the input trial solution results, then the enhanced solution is considered to be the same as the input solution [23] ; • The reference set (RefSet) update method is a collection of both high quality solutions and diverse solutions. The best solutions in the population P are added to RefSet and then deleted from P. For each solution in (P − RefSet), the minimum of distances to the solutions in RefSet is computed. Then, the solution with the maximum of these minimum distances is selected and added to RefSet [5]; • The generation method operates on the reference set to produce all pairs of reference solutions.
That is, the method would focus on subsets of size 2 resulting (b 2 −b) /2 subsets of solutions, where b is the size of RefSet; • The solution combination method generates members of the new population. The reference set update method is applied once again. The updated reference set consists of the best solutions in RefSet ∪ P. The algorithm is terminated after submitting all subsets that are generated within the current iteration to the combination method, and RefSet does not admit the improved trial solutions under the rules of the reference set update method [5, 24] .
Local Search
The local search mechanism (LS) is used to improve the solutions subsets by adding or deleting some vertices in the solution. This process is repeated n step times. The formal description of the LS mechanism is stated in Algorithm 1. 
It is worthwhile mentioning that the decision of adding or deleting nodes in local search explained by Algorithm 1 is related to the first part of the fitness function. However, this directly affects the other two parts of the fitness function. On the one hand, adding a node increases the domination and may increase the connectivity of the nodes in the solution. On the other hand, deleting a node minimizes the cardinality of the solution. Specifically, Algorithm 1 works in two manners:
• It increases the coverness if the node set represented by the solution does not cover the whole graph as in Step 4 of Algorithm 1; • It decreases the cardinality if the node set represented by the solution covers the whole graph as in Step 3 of Algorithm 1.
ASS-MCDS Algorithm
The ASS-MCDS algorithm starts with a population P that contains P size diverse trial solutions, which are generated by the diversification generation method using arbitrary trial solutions (or seed solutions) as inputs. During each generation, the quality of each solution in the population is evaluated by the fitness function fit as defined in Equation (1). The ASS-MCDS method applies the LS Algorithm 1 to improve the generated solutions. From these generated solutions, the RefSet with size equal to Ref Size is constructed of r 1 high-quality solutions, which represent 80% of the Ref Size , and r 2 diverse solutions, which represent the remaining 20%. Thus, the size of the reference set is denoted by Ref Size (= r 1 + r 2 ) . The construction of the initial reference set starts with the selection of the best r 1 solutions from P. These solutions are added to RefSet and then deleted from P. The minimum of the distances for each solution in P − RefSet to the solutions in RefSet is computed. Then, the solution with the maximum of these minimum distances is added to RefSet and deleted from P.
A subset generation method operates on the reference set RefSet, to generate all pairs of reference solutions. Thus, the method would focus on subsets of size 2 resulting in (Ref 2 Size −Ref Size ) /2 new subsets. The pairs in the new subsets are selected one at a time, so that the solution combination method is applied on each subset of solutions which is produced by the generation method to generate two trail solutions.
The local search (Algorithm 1) is used to update the current population. During the implementation of the local search method, the connected domination solutions in a pool P s is maintained. The reference set update method is applied once again. The updated reference set consists of 80% of the best solutions in the reference set solutions and 20% of the connected domination solutions in the P s . Trial solutions that are created as a combination of reference solutions are collected in a pool, denoted by T pool . After the implementation of both the combination method and the improvement method, the T pool is filled and the reference set is updated.
The ASS-MCDS algorithm terminates if none of the improved trial solutions are admitted to RefSet under the rules of the reference set update method. The formal steps of the proposed method are stated in Algorithm 2 as well as Figure 1 . Otherwise, go to Step 5.
The MCDS problem is usually a NP-hard problem [4, 13] . Therefore, there is no efficient algorithm to solve such a problem in its general form. The scatter search and meta-heuristics in general, are practical solvers and generally polynomial algorithms [25, 26] . The proposed SS-based methods follow the main structures of standard SS with additive procedures which also have a polynomial order performance. 
Experimental Results
The ASS-MCDS method is programmed using MATLAB. In this experimental section, the effectiveness of ASS-MCDS method is analyzed on several test graphs from the literature [1, 11, 12, 21] . These graphs are given as ad hoc wireless network clustering instances, which are described in Table 1 . As shown in Table 1 , eight different networks (instances) are used and all of these networks occupy the same area with different number of nodes (vertices) for each network starting from 80 nodes up to 400 nodes. The experiments were run 20 times for variant sizes of networks with the shown transmission ranges R. Table 2 summarizes all parameters used in ASS-MCDS with their assigned values. These values are chosen according to our numerical experiments, or well-known common settings in the literature. In parameter tuning, we tried to find the best parameter values with moderate costs and good performance. The performance of the ASS-MCDS with different values of the parameters were studied to demonstrate the relationship between tuning parameter values and the network size. The following settings are tested to identify the best setting of the parameter values.
• The population size (P Size ) = 60, 80, 100, 120;
• The number of iterations in local search (n step ) = 4, 8, 10, 14;
• The reference set size (Ref Size ) = 10, 15, 20. Size of reference set 15
The best solutions vary according to the tuning parameter values which significantly affect solution qualities. In Figure 2 , when the value of P Size increases from 60 to 120, the results are improved significantly until a specific limit is reached where the quality of the results is not affected with the increment of the P Size values. For moderate-size networks Net 1, Net 2, Net 3, and Net 4, the value 60 for P Size is enough to acquire the best domination number for the networks. However, this value is not enough for Net 5 and Net 6, so it is increased to 80 to acquire the best domination number. This was also applied for Net 7 and Net 8 when the network became bigger, requiring an increment in P Size values. Consequently, setting P Size equal to 60 for small-size networks helped the proposed algorithm to obtain results with the same quality as those obtained by higher values of P Size . Maintaining small values for this P Size contributed to maintaining the computation cost and processing time. However, the P Size value for large-size networks should gradually be increased according to the size of the network in order to maintain the solution qualities. According to these experimental results, the best value for P Size could be calculated as the following:
where V n represents the number of vertices in the graph. In Figure 3 , when the value of n step increases from 2 to 14 the results are significantly improved for all networks. As noted, the ASS-MCDS acquires the best domination number for all networks when the number of iterations in local search n step equals 10. In general, the experiment results proved that choosing the best parameter value increased the efficiency of ASS-MCDS for solving the MCDS problem. The performance of the fitness function weights α, β, and γ of Equation (1) was studied using several setting values. The obtained best settings of these parameters are the following values:
• Setting 1: α = 1 /2, β = 1 /4, and γ = 1 /4; • Setting 2: α = 1 /4, β = 1 /2, and γ = 1 /4; • Setting 3: α = 1 /4, β = 1 /4, and γ = 1 /2; • Setting 4: α = 1 /3, β = 1 /3, and γ = 1 /3.
The performance of these different settings of the fitness function weights is shown in Figure 6 using four different networks. There is almost no major difference in results obtained by these values but the best one is the fourth setting. Using this best setting of equal weights, the fitness function defined by Equation (1) takes the following formula after adjusting its weight parameters.
For simplicity, the fitness function form can be equivalently rewritten as:
Numerical Results
In this section, the algorithmic performance of the proposed method introduced in Algorithm 2 is investigated by comparing the results of ASS-MCDS against the results of other benchmark methods presented in [1, 11, 12, 21] . To measure the performance of the ASS-MCDS, two different quantities are used to make comparisons: The maximum number of iterations for the ASS-MCDS is 20 for each graph. The comparison experiment is set to test ASS-MCDS results with network instances described in Table 1 . Table 3 displays the comparison results obtained by the ASS-MCDS against the three following methods:
• A greedy randomized adaptive search procedure [21] ;
• Ant colony optimization algorithms [1] ;
• The memetic algorithm [11, 12] . Table 3 displays the minimum number (Min.) and average (Avg.) values of the network instances obtained by applying the ASS-MCDS and the above-mentioned three methods. Generally, it can be concluded that the proposed method (ASS-MCDS) acquired the best results with the network instances including in instances with a large number of wireless nodes. Figure 7 displays the comparison results of applying different methods on the networks with a large sizes. Although the proposed method performance was close to the other methods, it achieved better results in some networks. On the other hand, the other methods were partially better in some small size networks. In general, the ASS-MCDS method was more practical and promising than other methods in designing and managing wireless networks. 
Conclusion
In this paper, the MCDS problem and its application in wireless sensor network management was investigated. A new algorithm to compute the MCDS was proposed, called the adaptive scatter search algorithm for solving the MCDS problem (ASS-MCDS). Additionally, an extended fitness function with multiple objectives used by the algorithm to evaluate the solutions qualities and achieve a better performance was invoked. In general, numerical experiments on ad hoc wireless networks showed that the proposed method outperformed other methods, particularly in large size wireless networks by identifying the wireless network virtual backbone structure by reformulating it to the MCDS problem. Test results demonstrated that ASS-MCDS was very efficient in finding solutions with high quality to identify MCDS using different standard benchmarks test graphs.
